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Abstract: Orogenic magmatic Cu-Ni sulfide deposits represent an important source of copper, nickel, and oth-

er critical metals, and their formation is closely related to mantle-derived magma evolution and crust-mantle in-
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teraction. The Beishan Orogenic Belt, located in a key tectonic position within the Central Asian metallogenic
domain, hosts numerous mafic—ultramafic intrusions formed during the post-collisional extensional stage, many
of which are associated with varying degrees of Cu-Ni mineralization. However, uncertainties remain in distin-
guishing ore-bearing from barren intrusions and in evaluating their mineralization potential. In this study, whole-
rock geochemical data of mafic-ultramafic intrusions from the Beishan Orogenic Belt were systematically com-
piled from published literature to construct a dataset comprising 360 samples. A total of 27 geochemical vari-
ables were selected as input features, including major elements (e.g., SiO,, Al,O,, Fe,0;, MgO), rare earth ele-
ments (La-Lu), and trace elements (e.g., Rb, Nb, Sr, Y). Four machine learning modelswere employed to classi-
fy mineralized and non-mineralized intrusions and to evaluate their mineralization potential, such as multilayer
perceptron (MLP), support vector machine (SVM), random forest (RF), and extreme gradient boosting (XG-
Boost). The results indicate that all models exhibit strong classification performance, with the MLP model
achieving the highest accuracy of 97%, followed by XGBoost (94%), RF (91%), and SVM (90%). The model-
ing results demonstrate that whole-rock geochemical characteristics can effectively capture key metallogenic
processes such as magmatic differentiation and crustal contamination, serving as reliable indicators for identify-
ing ore-bearing intrusions. The discrimination method established based on the optimal model enables effective
evaluation of the mineralization potential of mafic-ultramafic intrusions in the Beishan Orogenic Belt. This study
not only provides a new technical approach for Cu-Ni sulfide exploration in the Beishan region but also offers
methodological insights for assessing the mineralization potential of similar orogenic magmatic deposits.
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Fig. 1 Tectonic framework and distribution of mafic-ultramafic intrusions in the Beishan Orogenic Belt
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Tab. 1 Data sources and classification of mafic-ultramafic intrusions in the Beishan Orogen
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Tab. 2 Partial whole rock ceochemical characteristics of ore-forming intrusions and non-ore-forming intrusions

JLHR RN W ¥4 {8 Ak n AE B 1 {8
SiO, 43.10~55.51 48.02 32.67~50.76 41.87
ALO, 4.37~23.24 14.82 0.08~21.22 9.73
Fe,0; 0.58~17.77 7.96 2.55~40.36 12.85
MgO 4.06~34.91 13.24 4.24~43.29 18.72
CaO 2.34~22.89 9.86 0.10~19.98 6.48
K,0 0.51~5.51 2.41 0.00~37.38 6.32
Na,0 0.06~2.72 0.88 0.00~12.99 2.74
TiO, 0.14~0.27 0.18 0.02~3.75 0.62
P,0; 0.22~3.60 0.94 0.01~3.50 0.71
Cr 1.37~43.15 9.86 0.10~ 140.00 18.92
Ni 3.14~79.93 16.88 0.18~ 140.00 29.54
Co 0.42~8.33 2.01 0.03~19.00 4.33

A% 1.90~39.69 10.44 0.14~85.40 18.57
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JLE A B A 3k A W 4 {4
Sc 0.50~11.29 2.88 0.03~17.40 5.26
Y 0.25~3.34 0.92 0.02~5.03 1.46
La 0.64~13.97 3.12 0.04~17.70 478
Ce 0.10~2.34 0.58 0.01~3.27 0.94
Nd 0.68~ 14.91 3.45 0.04~3.90 1.12
Sm 0.14~3.14 0.73 0.01~3.27 0.89
Eu 0.36~9.45 1.92 0.02~10.80 2.76
Gd 0.06~ 1.38 031 0.01~1.82 0.52
Dy 0.36~9.41 1.87 0.02~ 10.00 2.63
Er 0.06~ 1.38 0.30 0.01~1.27 0.48
Yb 0.94~108.50 14.76 0.31~242.00 38.25
Lu 0.047~42.64 5.92 0.034~40.25 6.88
Ba 61.00~ 1170.00 285.40 5.08~791.90 198.30
Sr 3.79~ 86.50 18.72 0.76~97.00 12.63
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FEAR AT 1 B $065 Ta) 8, R ot FH T sk fb =7 2%

P 33X 2 A i A I (ERE AR LA R Y 4 2R AT 55
(Zuo etal., 2011),

B H1L A% MR (RF) 2 — F B T Bagging A4 £ 1Y
B ) Sk, il A BEAL IO ZRFE AR 5 HRE T 4R A
A2 MRS AN, O 8 5 SR L 58 R B & g 3
(Breiman, 2001) . %5 % B A B0 1P R 5 HE ) AR
FETE, RS RO I S 4t . 270 1 N AR R, W]
AL Xy AR AR A BV AT BEVEAN . AL, RF 7R
W= TN L b 3K A o S i O e J B 2 A
12BNz .

W i A B2 $2 T (XGBoost ) A& — F 56 8 B 42 THHiE
IR R 2 2 SRk ) B AP R 55 2 ) A IE R R —
RO RIAY B AR 22 EAT UG, S BRI M BE 1Y RS0 1k
(Chen et al.,, 2016) o % J5 ¥ 7 % Gi 4 J5 42 T b ey
(GBDT) % B Al b 51 A TE WAL 3T, D4 i) 4 28 52 2 i
FEBT A S, e TR ARCR AN T RS 2 7 T AT B
R S AR A L N il e ik
i, ELA 5 2 A LR MEHRAE , XGBoost fiE 15 45 - b 41l 2
A [ei) 3t 35K A 2 78 i 22 ) 9 52 % OC R, PRI A J80 ™ Tt
5 REIRVEAN WF 5T v J B A 4 1 ¥ 7 (Zhang et
al., 2017) .

IR 4 FEIALI LA 27 T9UHh Bk A 2 AR AR R A

i, DUA TR W 1 i b 2%, 4 i — 3 S
AL, SEIR LA AR S AR AR B 3h ]

e
I
==
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XFAS [ 5S35 26 VR BB AT % LU 43 Ar, Al ik — 20 PEAl 4%
RS AE L L LD A BB A ) 0 R S S0 e Y 3
FHVE Sz A RE 77, A 0 328 fe A ABE Y ] T 5 22 i v
JivE
23 #HEIZESIEN
23.1 %R AE

TE B T4k BRI B, 3 — 25 R A R AT AR A
(StandardScaler), DA bk AS [F] £ 49 22 [8] /9 52 i (5] 4;
Pedregosa et al., 2011) . XFAEA IS FIAS - [n] #1, SR
J SMOTE( Synthetic Minority Over-sampling Technique)
D7 IEXT N GRBE HEA T b R, DA 4 A58 AU X B
A TR B HE 7 (Chawla et al., 2002) . 754 I ke 2 7 1,
5 BB ML 2% #k (Random Forest) . #% 3t B & £2 T (XG-
Boost) . 24 [0 1 AL (SVM) S £ 2 B L (MLP) 4 F
M TR 28 2% > SR AT X B A B, A R AR R S G
of 250 5RO, AELPERIRLR BN SR T 24
L=

RSN L 58 Wi, 30 2 W3 25 A R PR RE R A 7
ZEE TR, SR FHHERG 2 (Accuracy) . A% i 2 (Precision) .
B 8] & (Recall) . F1 {H (Fl-score) & ROC Hii £& T 1 FX
(AUC) % Z 35 bt 17 AL PEM (Fawcett, 2006; Powers,
2020) . FIH H AT 28 L KHIE (5-Fold Cross-Validation) X
F 7R A M 1E A7 46 50 (Kohavi, 1995; Jones, 2025) . 1k
A AL 23 A J7 I, 25 ] 22 48880 ROC 4k SR A I
DL EL W R 7 A 76 43 2585 SR (Faweett, 2006; Pedregosa et
al., 2011) o LA, Sy 38 9 A5 R n] g B, B X6 A5 R
K AR R A A 53 53 SR HTRFAE 52208 43 7 F1 SHAP J7 1%,
X6 G Bl Tl 35K A 27 i A ok A T 25 R A O R R AT
1 20, DI 4 7 35 i e /9 3 2 [ & (Lundberg et
al., 2017) .
232 M dEAR

h R GEVEAG AN [RI AL A 2 ) BEASAE L™ $5000 o %) 43
JeMkRE, 28 I TR A 45 4 (Confusion Matrix ) 4 2 4
TP IR R, SO % (Accuracy) . Hffi % (Precision) |
A [F% (Recall) . F1 {H (Fl-score) LA & 5Z ik # T AERE
£ AR (ROC-AUC) S48 bRtk 4 745 & 43T (Faweet,
2006; Pedregosa et al., 2011; Powers, 2020) . £ 4328
[, BEAEZEN “RUTREA A2 “HE AR
A7 BT 4 DEEARITER E LT HAE
(True Positive, TP) 2 75 B 1F 8 H 7 Sy BT 1) B AR 5
B[P (True Negative, TN) 22 7~ 8 1E 81 1) & 4 AE i~
AYRE AR B85 I8 BH 4 (False Positive, FP) 26 7~ #% % 21 A 1%,

AR B BE AR B 1B B 1 (False Negative, FN) 38 78
B 15 0 SRy A BT 18 ST A AR %4 (Pedregosa et al., 2011;
Jones, 2025) .

(1) fERf 2% (Accuracy )
TP+TN
TP+TN+FP+FN

2 TPHTN 2 75 A5 B 1000 E B 109 A A 5 8,
TP+TN+FP+FN 378 AT REAS R R 7R Sz WA 1
PR3 25 10 T A R B, (LR 28 501 0 A A X A 1 L T
ZAE R AT B2 B ZHCRAEA Y 5 e, AT 35 AR
RIS R FEAS ) 13U 2 T (Powers, 2020) .

(2)¥5 817 (Precision)

Precision=

Accuracy=

TP
TP+FP

e TPHFP 27 Fir AT B0 b B i A A £
G A A T Ay BB A AS v SR S ST 1 L A8,
WA AR TN 235 SR ] S AR R TR b, AR AR kT
LT I A D AT A RE, B i AR EE Y 5 B
(Powers, 2020) .

(3) 44 [l (Recall)

Recall= rp

TP+FN

K TPHFN FoR SEPR U A BB . A TR ]
T AR TR B AR AR (R BB T, BVEE TR LS R
FEA B TE R UM B F o FERT 7 B b, 24 bR B
A EEE S, RO BARAY A WA R G e U fE R
A 35t I (Powers, 2020) o

(4)F1 {H(F1-score)

Precision - Recal
Precision + Recall

F1E ARG 0% 5 A 32 0 P8 A1 2018, F2r6
PR B AL FE 324 (FP) 5 T it (FIND 22 [8] ) - £ g
AT B —F8 bR, F1ETE 2B A -4 ) & v B2 5
R M J5z LA 7R g B {41 FE (Powers, 2020) .

(5)ROC HiZ 5 AUC fi

Z AR E TAERRE Bl £k (Receiver Operating Charac-
teristic Curve, ROC ) il 1 AN [6] 4325 B {H F 1) B 1E ] R
(True Positive Rate, TPR) 51 1E/1*% ( False Positive Rate,
FPR) 2 I A Y A 1) g g, o SCIn R
_Ie
TP+FN

FP
FP+TN

. TPR FAEAR RN} 1E ZERE A AL 51 BE 715 FPR

F1=2

TPR=

FPR=
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55 4 ZRGERIAE: FE T HLERAE 2T (3 1Ll 5 I A B A i DR 5 070 00 43T AL L b X A 451 9
W BB R
1. Bl 0 A 2. BB 5 ) . R SRR
B [ swwmmmsmg BRI H AT
7 7 B o y .
— : o M @
(scrsmmsannn ] ‘ T R moeeh | smzit |(omen | 2R
¢ ] _ (825‘}5’?%#) [(Randomforest)][ (i)??GB)(?ost) ][ (SVM) ][ (I\;IUI:P)
KoM B ] T N — -
e SR
v s ‘ (R R AR L MR B ) J
[ smoms gog,) l
v
l > 6 BRI SRR T
- — l
= = @ N ERIAIRDA
i“§% ‘B”JL\L§% LA 7. BEAITEAL S iR
[ wwwn ) BB 2 P SHERFA T
I 25 W% Py 2 y
3. I ZREEFAE TR - @(ﬁfﬁy) 'kiffon) S ol
FHERRIEL E— TR © #mx [B @e i
‘ (StandardScaler) J 4. Wi fr [ (5-fold CV)) J 7 s ('I;—’(')C Fn, SHAP/M7
HEUERLFIRREAL 7 (Fl-score) (ROCHERTBOM | o3 iptitny)
FEAY i b B (@Fﬁﬂ”é}ﬁ\% B PR ' HIROCHTIZE 24 & v
[ (SMOTE) } SundaraScalor 520 | | | | WERILED e J BRI R

-

L

B4 mE MRS S EENESTENRER

Fig. 4 Workflow of machine learning model construction and evaluation for ore prediction

FARBIAY A 7 IE A . ROC 258 i
2 R [A BE 248 F TPR 5 FPR (9728656 2, 41 2 Ik
BEAY ) 53 J5PERE; M2k N 0 A ( Area Under Curve, AUC)
WIXHZ M REHEA T B A . AUC {E BT 1, R
X R 5 AR B BEAR 1Y X 43 € 7 #%5% (Hanley et al.,
1982; Fawcett, 2006) ,

TE AT T A 5, ] 2R AUC (B G G,
SR RN S R R R U X = N (R g/ N
M K AUC B 0] 2 BB 80 EL A 4508 1Y) 255 6 )l g
77, W EE A ) T35 5 30 40 X ) Bl %2 (Fawcett, 2006;
Powers, 2020) .

3 WA R
3.1 REERVERMERENTLE

h F G VEAG N R AL 2 27 20 B R 78 BT T H A
a2 bEfE, SCH % MR HL 2R ARk (Random Forest) . #% iy
6 BE 48 T+ (XGBoost) . 2 4[] 2 HL (SVM) S £ 2 B
HLOMLP) 4 Ff R 847 5 He 4387 (1 5) o SR fiE
K, AN IBHILE A A 46 br L35 280 48 R K F,
BB —E 25 . Hih, MLP #R7E BTG #6545 B 1
T, ETIFRIKF] 0.972, KB 3Ny 0.958, 7 1%

iKE] 1.000, F1 {4 0.978(5k 3), [A] ] H ROC-AUC 1A
9 0.996, R AR SR 1 4325 BE ) SRR M, R MLP
BERLLE Y Hi £ 48 4R E RE 98 A RGR B N 5 Ak i
A, JC AL S AU 7 T B — e ) BURR A

HHHZ T, XGBoost £5 7l & {4 35 1 45 Ay ¥4 i, H:
HERA 50 0.944, K1 22 5 1 11 3814 2y 0.956, F1 {EH N
0.956, ROC-AUC “# 0.980, ‘i 7~ Hi & 4 i 27 4 1) il fig
710 BEMLAR AR ) R BLIE KT XGBoost, FoHEff %
4 0.916, B [H12E A 0.956, Ui B H X i HE AR H A 4000
BUNRE Ty, AEURS B AR XA AR, R — e R
BF . SVM B R [ B A Pk B AR X B 55, L HERR R R
0.902, F1 {E >} 0.924, J¥45 H ROC-AUC fE{/53i5%] 0.987,
it WA AR 23 ) ) J22 T ELAT Ao IX 43 e ), (HAE B
G328 L A A AR A

MASTRIPEA 48 A £ BE 23 AT, MLP A 7E 13 [ 5% |-
Y 28 H 22 B (Recall = 1.000) J5 e &, 22 B HL-F &
B IR FEAS T F I 42 5 1T XGBoost 5 AL AR MAR A
TE A 1] 23 5 1 30 2 () R A P A, R IR o 1Y)
FaEME. ROC Mk a5 A it — bR, KRR A&
R B R S, Hodh MLP A5 il 2 S AR AR, 5
FH AR

LEAOKE, MLP BERAE AR 5% vh e B e fE 4 26
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SYHHUBAEREI T4 2 A

== MLP SVM == [AIL AR XGBoost

1.00
0.98
& 096
z= 0.94
22 0.92
= 0.90
0.88
0.86

F153 %k

HERR ORTEIR H R

5 B Bl AR FE SRR R L
Fig. 5 Performance comparison of machine learning
models for ore predic
R3 ARINF[FSER S LM REIEFRXTEL
Tab.3 Comparison of classification performance metrics for

different machine learning models

Y WEHE KR  AMBZ%E  FI{HE  ROC-AUC
MLP 0.972 0.958 1.000  0.978 0.996
SVM 0.902 0.914 0934 0924 0.987
RF 0.916 0.916 0956  0.936 0.980
XGBoost  0.944 0.956 0.956  0.956 0.980

PERE, & A E o 3 BT IR XGBoost 5 i HL AR Ak
TR D A A% PR A g Rk T T LA A, WIS
By TR, SVM AR AL B SR 4 AP REEAIG, (5 LA
—EZHME
3.2 ROC & o #r

Ry i — 2 VAR AN TR A B A B 5 R B AR AR 2
] B BIRE Sy, EF LW T 4 PRI 23R8 TR
fEHh 2 (ROC M4k K 6) . IR HRF, 25 R
i) ROC {43 W] A7 FRAML 3 2B (X ML) Z I,
FUH BT A B 38 LS AP 43 2508 . b, MLP
AU ROC M 4k fe B2 22 b A, Ll 2678 &8 43 (A
T L A A AR, X6 ) AUC {E B 5 (AUC =
0.996 7), Ui IIZ A RUAEAS [ #0048 T B B A 7 1Y
X ArBE ST, REME A R X o W 5 T RE AR

2, B AL AR MR 5 XGBoost #5574 (1) ROC il
RILAR T A, AUCEHIH 0.980 8, 2 HA 19 Fh A 5 A4 7
HRH I RE S L RIAR Y, R B iR
SVM HE R ) AUC {4 0.987 5, W& &5 T A5 0, {H H:
ROC [ &7 AR AR L 31 3 DX [7] 11 22 B 1K MLP A A,
Ul W LA 2R B A 0 S AR —E 2500, i —
Ao BT A] D, AR AR AR T 8] 28 (FPR < 0.2) X [] Y, 4445
TR FLIE 491 238 (TPR) 4Pl b7, 2 WASE 7Y R 6% 7 4
TR AT T RS IR B FEA . Horpr, MLP 52781

FETIROCHZR L5 G4 L

1.0}
':I
Q -
£ 08—
o
Z
g 06|
2
£
v 04t
=
e .+~ Random forest (AUC=0.980 8)
T 0.2 ~ —— XGBoost (AUC=0.980 8)
—— SVM (AUC=0.987 5)
oL —— MLP (AUC=0.996 7)
0 0.2 0.4 0.6 0.8 1.0

R IEM*R (False positive rate)

El6 R AR AEFESIER ROC H ZeXt L
Fig. 6 ROC curve comparison of machine learning models for

ore prediction

8 b T R R P, i ke A R S S B B A A
SRR RE 7, 6T B A EEE X

25 LTIk, 4 P 4 3R B e 0 K0 S g T
{A MLP BRI #E ROC £ B & S AUC - ¥ 3R Hl i
e, 8 BH HC 7R AR 43 0k BB R M D T LA B AR
o AR GHR VPN R AR BT — B, R G Sar L
HIT T BCRAAE e R AR AL T R RE S A
33 SDRERHW

R ik — 2 3 AT AN [ ASE B AR L™ 5 A 0 R AR IR
S A3 SRR AT, AR IR B R A I T ) TR VG i
(B 7). BARSKE, &R RE8 4007 M IX 3 1 5
JE R REAS, (AFE R IR AV S FE R EAFAE I B 25 5
BE DL AR Y v, SEBRAE B AR AR 4 AR A R Al
WHREA(FP = 4), [ A FE 2 A 0 BE AR B 5R H o0

Random forestlVEHFE  XGBoostlVEH 4

0 ks 1
MLP3 4

0wk
SVMIR A

T bRgE TibRLE

E7 AR SIEERIE MR L
Fig. 7 Comparison of confusion matrices for different machine

learning models
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YRS FE T AL T WG LA A SR BRI T PR ¥ A LA L XA 4] 11

B AR A (FN = 2), 3R W28 B A (R 4 258 43 Tl 2R 11
I, A — B iR ST, M2 T, XG-
Boost £5 Y (14 15 FI B0 it A B s b, Forb B EPE S 2, 1)
A RIRE A 2, S H B A 18 9 2Pk

SVM AU (1) 53 2 45 5 5 BEALAR AR 42301, (HH
5% JF) 4 250 s A 38 010 (N = 3), 36 B 224 780 70 1R 500 B
W REAR T A AE— 2 AN, 7T RE T BER B R0 b5
BBl . AR, MLP R 2 B A Y 43 254
B, HABRBAYE N 0, BT WL AR 2 4% 1E #1551 (Re-
call = 1.000), [RI B AE7E D REAER PR (FP =2), R W1%
BRI A AR UFE 55 e U 8 T A [T, R R R B AR A
w0 £ B, BB (FND X R B FE A
BRAH IR M FEAS, TR E AR 15 S5t i,
I HLA KRS . MLP B R AR % 48 A b Y 2
PR I LA B A Ak X S T HL A R EE T,
XGBoost Fl Bl HIL AR AR AE 1R 4 55 e =2 3] SR 0 458
UF 0, A BRI ERE M. AHELZ TR, SVM KL
RULE B FE AR Y50 7 T S N

25 b ik, MLP BAAE 3 8 25 1 R L, JC
AR U A 7 T EL A 3 P XGBoost 5 Bl L AR
ARSI W) A 3 A 43 28 A5 M T R B R, T AR g il
BIRE AYEA5 5 HE A BT o 3k — 235 S 5 W VAR 48 A o
Mt T Al — 20, R 5 SerRF M 5 SHAP ff B4 bt
PEAET LR
34 HEEEMDHT

SR U S T ) O B b Bk Ak A R bR, 2B
FETREHLAEM . XGBoost, SVM S MLP #5% %0 5 44 4 4iF
B ZEME AT T (] 8) o B E, AN TR B A
JIF R 4 DB R B — o — Bk, (BAE AR HE Y M
UK A 25 5 o BHBLAR MRS XGBoost 15 %! (1
25 B B i ReUE 1, Y9 ALO,. TiO,. MnO &
MgO %5 F 5o Z MBI EE I EH 7. K, ALO,
A T R R v B0 F 1 7, 2R B AR XA i 5
BT FEAS T B 8 25 /R H; TiO, 5 MnO BHEH S,
W L R B BT 2 43 B SR AR B T B A S Y T
ko DEAR, 43R T 40 S, Nb Ko + 0 % (U La,
Ce 55 ) W ZEAETY v o 48— 2 ACER, 130 L% e ik 2
BARTE R E L

MLP 45 A {1 ¢ E H 2V 3 AT 5 WAL A A —
25 5, HE5 0 7R MgO o #5 B BE4F1E, MnO 1 Tb 45
JC 2 IR ELAT 55 e Dk, ¢ IH 1A R o i ) B Ak O A

Ko e RES P ERH . HEZ T, SVM £
T R AE M S I T O A O A, LA SR R
MnO Fl MgO /54 32 B2 1E [ 53 RS B, 11 35849 o6 2 (40
TiO,) W R B 4 171 1) BTk, S e Iz R AE R AR A
] i B 4

LR SRR ZE SN LUk B, MgO | MnO., ALO; &
TiO, 55 F it JC R 7E 2 /B AL rp 24 3% 1 Hh A v 1 J 2L
P, B A I R M R — B0k, 15 B X B4 B ]
RE 2 il LA™ 1 P Y S B BRfL 24 IR 7 . HidR, MgO
B RE 8 WA I A AR B M B A Ay e AR
FRAE, 5 MgO {EL 1 45 7 8 5 25 5 HoA 55 i 1 LG
Pk, 5HERGALY0 RIE 5% U0 AH 5 MnO i Tio, I
FE— s FERE I R IRy 5l R A A 3 T A A 1Y
A Ak, Hofr AR AL AT e B Ak P 0 B B Bk S Ak ) 2
mVERA 55, ALO, 1Y 220 N o] 58 5 AHE A1 4> B 45
fir SR XA B 28 A O, BB R) 1z S L2 SR e L e
S Feng A B A AR

Ak, Sr. Nb ke #i + 90 % (REE) 78 #8430 #5 # rh A,
A TR, W R LT R S B Y DX R B K T A
i, DT [ 422 52 el ™ 42 o e v, S o 358 X4 A
K 45 b VR 4 R B0, I Nb 25 5 3750 o0 2 ) g
WA IR IR R IE A i T e B B LT R
(La, Ce %) ) & SEFFAE AT REAE /R A K & 1 T A
J3E P18 3 5 VR R D 3 b R Ak 2 R AE
LR FRAE T btk 1L BE R T BE R T A AR R 1Y
AR AR, I i — 205 e B R AR A R BT LS
=B,

ST, BB (BEALZR MRS XGBoost) 78 £# fiE
HEEHE Y bR T — BovE SR e Tk, 1 SVM
5 MLP BRI /R Ty 22 5 E R . RRES Ay
J& S5 T SHAP J7 v 1 22 it i B2 4L T B2k 4R, A
Bl 30F — 2548 R 45 b BR A2 48 A o6 T 10 45 SR 1
FLRFZmaHLE]

3.5 SHAP @RS

Sy i — 25 4 7R A i ER Ak 27 4 A R AR R T 2
Y 51 ik K HAVE 5 1), SR B SHAP(SHapley Additive
exPlanations) 77 ¥ %] 4 F 5 Y 33F 17 i B 0 #r (] 9) 6
SRR, N RIS R BT R0 0 S R g ol R EL A A
—EME, R AR ELAR S R KA 1) AR — o 2
5t o MLP #AL Y SHAP 45 2R 7R, MgO. Y K& SiO, iy
S R R A Y R 2R, b MgO Y B M B e
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Fig. 8 Comparison of feature importance rankings derived from different machine learning models

75 MgO {8 % 7 1F 9 SHAP {8, 2% B H 0 ml s 750 2
A FEAE R, AR MO 8 W i 1] 7 3 A i 4 48R
2, R B R BT 2H 43 A 5 AR e ) S SR AR T
Y JCE R R R SRR, BV Y (BRI £ Y
SHAP {f, Uil H & 4 0] fig 5 AL sl M OC . Sio,
DU 52 0 R A2 2% B 43 A R R, O ASE AL A S 1 52 i)
FEAN [ UL DX 0] PN A7 A6 25 55, e s e 5 et 2 ™
S AR MEVE R -

B FL 2R ARAS Y 1) SHAP 45 5 % B, ALO;. TiO, &
MgO  F 24l As 5 . Horr, B8 ALO, F1 TiO, &
i 226 N 67 SHAP A, 3¢ B HAE — 5 A8 8 1 0 6 At
W HU, 17 MgO 475 3% B 1E [7] 5T HRAFAE o X — 25
R AIE 5 B S B RS ) HE P 2 SR — B i — 4
BUE T bR F2 i e AR b AR e

SVM #5 & i) SHAP 43 7 45 2 &k 7, MgO F1 CaO

Sk B AE (A B R, T MnO £ 3 43 RE A v 2 B
U DTk . AR A R A3 RRAE (AN TO,. Fe,05)
S R B B, B LA AR R R I N
Wi 45k 52 2% . XGBoost F: 7 1) 2% 5 55 it L AR AR A A —
#, CaO. TiO, K ALO, JJy F B4 il A8 i, Hirp CaO
PR B B IF 18] TR, 10 TiO, A1 ALO, W) £2 3¢ By 17 )
S

ZEA 4 FPRLRLY SHAP 45 51T DL & B, MgO 76 fir
7B AR v 2 3 TR MR R 1 I ) BT AR, s R o SRR Y 45
il BH 722 —; T TiO, 1 ALO, 75 R #6713 3k 2 B
G 1] 5200, e W AT B8 5 9F B PR 45 s H A B B
AX, WA, Y K53 1702 (40 Tb, Nd 55) fEA R
R IR R TR L — 5 TR, 5 2 AT A Sz e YR DX AR AE
SO 5 R X B 1 [ A A A

MHL B X, MgO B IE [ /AT B T8 /R & 8¢
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Fig. 9 Comparison of SHAP-based interpretation results for different machine learning models
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4 HHe

4.1 B EFHEZRNHIKEEERENX

JE TR AE H ZE 43T SHAP fif B 25 e n DL &
B, MgO. ALO,. TiO, DL K& 43 F o0 % (4 Y. Tb,
Nd %) 76 A [F) #5550 b 35 26 B0 Hh A s A T B, R e i
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